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Abstract 
Manufacturing complex products, process monitoring and process control systems can increase productivity. Today, 
improvements in simulation technique enable computer based process set up and optimization reducing expensive trials. The 
performance of offline optimization strongly depends on the selected model and does not include uncertainties such as to tool 
wear or deviating material properties. Sensors help to reduce uncertainties and thus increase stability.  
Milling is one of the most flexible metal cutting processes. The process force is a very important evaluating process performance. 
Closed loop control strategies for force control in milling help increasing the process performance and protecting the tool, the 
workpiece and the machine. The varying transfer behavior of the controlled system is challenging. Adaptive control systems only 
react to changing transfer behavior and adjust the controller parameter. However, they cannot prevent high overshoots of the 
force.  
In this paper a new method to identify the controlled system is presented. The controlled system’s transfer behavior is split into 
one part resulting from the machine tool and a second part describing the manufacturing process.  
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1. Introduction 
In the last decade powerful simulation tools have been developed that allow – in combination with increasing 
computing power – offline process optimization. Machining operations with complex tool paths are simulated, 
process forces can be predicted, and ramp up time is shortened by reduced tasting efforts. All this functionality is 
based on technological models. The quality of the optimization and prediction strongly depends on the quality of the 
models and their parameters. Influences such as tool wear or material properties cannot sufficiently be taken into 
consideration.  
The uncertainty in technological process models often lead to a conservatively designed process. The advantage 
of new tool materials or coatings is often not fully used. In order to overcome these issues sensors, that deliver 
online information about the process, are integrated into manufacturing processes. The process force is one key 
indicator to evaluate machining processes. In contrast to other evaluation criteria such as tool wear, chip form or 
surface integrity the process force can be measured during the process. Controlling the process force in milling 
prevents scrapped parts, broken tools and thus decreases down time. Furthermore, keeping the process force 
constant at the maximum level reduces the manufacturing time to a minimum.  
Standard controllers such as PID-controllers or cascades of PID-controllers are not sufficient for a high quality of 
control in milling. Hence, advanced control strategies have to be used, for instance, model-based systems. First, an 
identification of the controlled system has to be done in order to model the system behavior. In this paper a new 
approach is presented to identify the controlled system for a milling process.  
 
Nomenclature 
ae width of cut 
ap depth of cut 
b uncut width of chip 
c, cn, a c: cutting, cn: normal to c, a: axial 
F force 
f feed rate 
GM(s) transfer function of machine tool 
GP(s) transfer function of process 
h uncut chip thickness 
KM gain of GM 
KP process gain 
ki1.1 force model parameter 
mi force model parameter 
ௗܶ time delay 
ଵܶ, ଶܶ time constants 
 ଽܶହΨ  
ݒ௖ cutting speed 
ݒ௙ feed velocity 
φ feed motion angle 
2. State-of-the-art 
The first control systems for the milling process were developed in the 1960s. They can be classified into 
adaptive control constraint (ACC) and adaptive control optimization (ACO). The aim of ACC is a fixed set-point 
control of one or more control variables. As control variables, the maximum tool load or the maximum power of the 
machine tool were used. Controlling these variables result in a stable manufacturing process with a reduced 
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manufacturing time. The term “adaptive” is often used in manufacturing processes in order to describe an 
adjustment to changing process conditions, for example with linear controllers. In control theory, an adaptive 
controller is defined as a controller that changes its parameters with regard to the current state of the controlled 
system. 
From control point of view the challenge for force control in milling processes is the fast changing transfer 
behavior of the controlled system. Changing engagement conditions, such as increasing depth of cut, result in a 
variation of the controlled system’s gain. In order to guarantee stability, non-adaptive control systems with linear 
controllers have to be parameterized conservatively. Parameter adaptive control systems, model reference adaptive 
control systems or systems with neural networks are used to overcome this limitation [1,2]. In manufacturing 
processes with slow changing system behavior such as in drilling, adaptive control systems are able to increase the 
performance and reach a high quality of control. Wirtz [3] has developed an adaptive control system for the gun 
drilling process with small tool diameters.  
In Milling, adaptive controllers cannot avoid large overshoots due to delay times of controller and controlled 
system [4,5,6,7]. Nouri and Fussel [10] present a solution to overcome these overshoots combining an offline 
optimization with a closed loop control. Through the a priori feed rate optimization the effect of varying 
engagement conditions is drastically decreased.  
Altintas [7] developed a control system with an adaptive generalized predictive controller. This controller 
internally optimizes output for the manipulated variable and therefore, is more robust to varying cutting conditions. 
For the integrated optimization, a model of the controlled system has to be specified. Altintas uses a discrete 3rd 
order linear model to describe the correlation between feed input and force output. In order to consider the changing 
transfer behavior, the model’s parameters are estimated online. Even if this control system is stable and insensitive 
to changing engagement conditions, large overshoots can occur if the cutting conditions change. 
The state-of-the-art depicts that the success and the performance of a control system for milling processes 
strongly depends on the technological conditions. Model-based predictive control systems are suitable to integrate 
advanced process models and consider constraints explicitly. Stemmler et. al. [9] demonstrate that model predictive 
control systems close the gap between offline optimization systems and online process control. In the following a 
new method is presented to identify the controlled system of a milling process. As is shown, this method has 
significant advantages over existing solutions.  
3. Analysis of the controlled system 
As a first analysis of the controlled system, the feed rate input was superimposed with a sine wave and the 
process force was recorded. For this, the machine tool was equipped with an additional analog input that was 
programmed as an override for the feed rate. The actual feed rate of the feed axes was measured. As reaction to the 
sinusoidal input, both, the process force and the actual feed rate showed a sinusoidal signal corresponding to the 
input frequency: The force signal is in phase with the actual feed rate; whereas the actual feed rate is phase-shifted 
to the input signal. Furthermore, the measured amplitude is lower than the amplitude of the input signal. This 
behavior suggests that the controlled system can be described with two different components: The first component 
describes the behavior between the input signal and the actual feed rate. The second component describes the 
behavior between the actual feed rate and the process force, see Fig. 1. 
Separating the controlled system into two parts, the identification of the transfer behavior can be conducted 
independently. First, the transfer behavior of the machine tool is taken into consideration. Then, the transfer 
behavior of the milling process is analyzed.  
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Fig. 1. Block diagram of controlled system [10]. 
3.1. Identification of machine tool transfer behavior 
The transfer behavior of the feed axis of the controlled machine tool describes the correlation between desired 
feed velocity and actual feed velocity. In order to identify the transfer behavior of the controlled feed axis step tests 
are conducted. The feed velocity in G01 cutting mode was increased from 12.7 mm/s to 25.5 mm/s, using the 
external override function. As Fig. 2 illustrates, the step response shows a constant time delay of 32 ms, which is 
independent of the step height. Furthermore, the response time ( ଽܶହΨ = 67 ms) is also independent of the step height. 
The setting of the feed axis servo amplifier has a significant influence on both parameters. Using high gains and 
short integration time constants in the amplifier, the response time decreases, but the output signal overshoots the 
desired value. The servo parameters are limited through the axis’ maximum acceleration and jerk. Therefore, a 
parameter set resulting in a fast response behavior but without overshooting was chosen.  
 
 
Fig. 2.  step response of the feed axis [10]. 
For a model-based controller the transfer behavior of the feed axis drive system has to be described with a model. 
Beside the described response behavior, the response signal shows a turning point. This characteristic suggests that 
the feed axis drive system can be modeled through a higher order system with time delay. In order to keep the 
complexity low, a second order system with time delay is chosen (eq. (1)). As the gain of the override function is set 
to 1, the overall gain KM is also determined to 1. A parameter identification using the least squares method is applied 
to identify the time constants T1 and T2 that describe the time-dependent system response. The parameters are found 
to ଵܶ = ଶܶ= 14 ms. Thus, the system is critically damped and takes a minimum of time for the compensation of the 
control deviation.  
ܩெሺݏሻ ൌ ܭெ ଵሺ భ்௦ାଵሻሺ మ்௦ାଵሻ ݁
ሺି௦்೏ሻ   (1) 
3.2. Identification of process transfer behavior 
In the previous paragraph, a linear time invariant transfer function of the machine tool’s feed axis was 
determined. The process’ transfer behavior describes the correlation between actual feed velocity and the process 
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force. In contrast to the transfer behavior of the machine tool, the process’ transfer behavior has no time delay, as 
has been indicated through the first identification with a sine wave. Therefore, the correlation can be described as a 
static transfer function with gain KP, but without any time delay: 
ܩ௉ሺݐሻ ൌ ܭ௉ ிሺ௧ሻ௩೑ሺ௧ሻ   (2) 
Beside the feed velocity ݒ௙, the cutter-workpiece engagement situation such as width of cut ܽ௘and depth of cut 
ܽ௣ influences the gain KP. For a specific engagement condition, the gain can be determined through a simple milling 
test, measuring the process force ܨ and the actual feed velocity ݒ௙ . Changing engagement conditions during the 
process result in a time varying gain KP(t). As described in the state-of-the-art, the identification of time variant 
systems is realized with adaptive control systems, which is shown to be not suitable for milling processes.  
Therefore, a new approach for the identification of the milling process’ transfer function is presented in the 
following. From the manufacturing technology point of view there are already models, describing the process 
transfer behavior. The correlation between feed velocity, engagement situation and process force is described 
through process force models. For a constant cutting velocity, the maximum process force in milling is given as a 
function according to equation (3): 
ܨ௠௔௫ ൌ ݂ሺܽ௘ǡ ܽ௣ǡ ݒ௙ሻ   (3) 
In literature many force models for different purposes can be found. To choose a proper force model for the 
control of the milling process, the demands have to be defined. The purpose of the force model is, on the one hand, 
to describe the process’ transfer behavior, which depends on the engagement situation. On the other hand, the force 
model is used to predict the future feed velocity that leads to a constant cutting force. The demands are summarized 
in the following list: 
 
x Fast calculation within milliseconds 
x Validity for a wide range of width of cut and depth of cut 
x Consideration of the tool’s macro geometry 
 
For fast calculation, the force model has to be kept as simple as possible. Slowly changing influences such as tool 
wear do not have to be modeled explicitly as the online identification continuously estimates the model’s 
parameters. Linear force models are not suitable to predict the optimal feed rate for a wide range of engagement 
conditions since they do not consider non-linear relationship between uncut chip thickness and process force. More 
suitable are force models such as the one proposed by Kienzle [11] considering the non-linear relationship with an 
exponential approach, equation (4). The uncut chip thickness h and the chip width b are determined from the 
engagement condition, whereas ki1.1 and mi are parameters that have to be determined from experiments. Material 
characteristics, the tool’s micro geometry and tool wear influences this parameter. Using end mills with a helix 
angle requires a discretization of the end mill along its rotational axis as the chip thickness changes along the cutting 
edge.  
ܨ௜ ൌ ݇௜ଵǤଵܾ݄ଵି௠೔  with i = c, cn, a  (4) 
Milling tests in Aluminum were conducted to prove the validity of the selected force model. The cutting speed 
was kept constant vc = 120 m/min and the feed rate was varied. The tests were performed on a 5-axis milling 
machine Mazak Variaxis 630 5X II-T. The depth of cut was chosen to ap = 5 mm and the width of cut to 
ae = 10 mm, which is equal to the tool’s diameter. To avoid the influence of a radial run-out error, a tool with only 
one cutting edge was used. The process force was measured with a piezoelectric force measurement sensor Kistler 
9255B. Fig. 3 shows the cutting force ܨ௖and the normal cutting force ܨ௖௡over the mean chip thickness ݄௠in a 
219 O. Adams et al. /  Procedia Technology  26 ( 2016 )  214 – 220 
 
double logarithmic diagram. The straight line emphasizes the good correlation between the cutting force and the 
chip thickness is illustrated by a straight line. 
From linear regression, the model parameters ki1.1 and mi can be read out directly. The small deviation from the 
linear regression means that the range of validity for the Kienzle force model covers the technological reasonable 
range. For a constant processing force the range of chip thickness is sufficient since the feed rate is increased from 
engagement conditions with small radial width of cut.  
 
 
Fig. 3. Identification of force model parameters [10]. 
In order to determine the force model’s parameters, at least two measurements with different feed rates have to be 
recorded. Due to measurement noise the quality of the parameter estimation strongly depends on the chosen feed 
rates. Therefore, this method is not useful for an online identification. A better solution for online identification is 
the evaluation of the time-dependent force signal over one revolution of the tool, since the chip thickness varies with 
the feed motion angle ߮. For a small ratio between feed rate and cutting speed the uncut chip thickness is given 
approximately by equation (5).  
݄ሺ߮ሻ ൌ ݂ ݏ݅݊ሺ߮ሻ   (5) 
With that the model parameters are estimated from one tool revolution with a least-squares algorithm, Fig. 4 (a). 
As the force model is used to determine the optimal feed velocity for varying engagement conditions the 
transferability to different engagement conditions has to be verified. Therefore, the relative error for the maximum 
active force was calculated with model parameters identified at a width of cut of ae = 5 mm, Fig. 4 (b). The feed rate 
for the conducted experiments was set individually in order to approximately reach a maximum active force of 
600 N. As can be seen the prediction error ranges from about -6 % to 2 %. 
 
 
(a) (b) 
Fig. 4. (a)Comparison between force measurement and model; (b) relative prediction error [10]. 
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4. Conclusion and outlook 
The presented paper concentrates on force control systems for milling processes. From control point of view the 
transfer behavior of the controlled system rapidly changes with changing cutter engagement situation. Current 
adaptive control systems are rarely able to deal with changing transfer behavior. They are especially not sufficient 
for rapidly changing systems.  
Therefore, it is shown that the controlled system can be separated into two independent parts. For the feed axis 
drive system, a linear time invariant behavior was determined and described as a second order system with time 
delay. The milling process is described as a delay free transfer function. Changing engagement conditions are 
responsible for the variation of the gain. Using a process force model considering the engagement situation the 
transfer behavior is described with technological parameters, only dependent on tool wear and other rather slow 
changing influences. Furthermore, it could be shown that the validity is sufficient for the technological relevant 
range. 
With this knowledge the next step is to design a force control system. Using the proposed model-based predictive 
controller technological constraints can be considered. With the a priori determined knowledge of the cutting 
conditions the manipulated variable is determined to an optimum reaching a constant cutting force without 
overshooting the desired value. 
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